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Abstract 
Background: The  use  of  Google  search  engine  has  been  widely  used  in  the  public  health-related
concerns. Previous studies found that Google search trends (GST) can predict influenza, mortality, Zika
epidemics, Ebola etc. This study examines the relationship between timing of Coronavirus-related Google
search trends, lockdown, and new cases of COVID-19 in Bangladesh. 
Methods:  We use national-level  Google search trend data to examine whether the timing of Google
search terms, i.e., their lag effects are associated with actual COVID-19 new cases from March 2, 2020,
to December 7, 2020. We examine the effects of search terms (facemasks, handwash, n95) on the actual
COVID-19 new cases using the vector autoregression (VAR) model. 
Results: Our general recursive vector autoregression model shows that search on facemasks and hand-
wash can potentially decrease the risk communication of COVID-19 new cases. We find that the search
on facemasks can substantially reduce that risk in the sense that search can increase the use of facemasks.
We  also  examine  the  lag  effect  of  lockdown and  find  that  the  effects  are  not  sizeable  on  the  risk
communication because their lag-effects are different. The results of the impulse-response functions show
that among the protective measures, lag effects of facemasks can substantially decrease the future risk
communication of COVID-19 new cases.
Conclusion: Because wearing facemasks  can substantially  reduce the risk  of  COVID-19 new cases,
the government can utilize the Google search trends related to COVID-19 to disseminate the preventive
information on COVID-19 and thus minimize the new cases and deaths.  

Keywords: Google search trend; Relative search volume; Risk communication; vector autoregression;
Bangladesh.



Introduction
Over the past  few months,  the Google search engine has  been widely used for public health-related
concerns about local transmission of COVID-19 in almost 200 countries (Lai et al., 2019). Recent studies
have found that Google search trends (GST) can predict influenza,  mortality,  Zika epidemics, Ebola,
dementia, and dengue, among others (Yeh and Yeh, 2019; Kang et al., 2013; Milinovich et al., 2015;
Teng et al., 2017; Wang et al., 2015; Rangarajan et al., 2019, Husnayain et al., 2020; Schnoell et al.,
2020).  Given  the  recent  upsurge  of  COVID-19,  the  application  of  GST  is  critical  for  identifying
epidemiological  trends,  exploring  risk  communication,  and  predicting  human  behavior  regarding
epidemics and pandemics, responses to different kinds of health measures, and so on.

In Bangladesh,  almost  5 million confirmed cases  and more than 7,000 deaths have occurred,  with a
mortality  rate  of  1.46%  (Directorate  General  of  Health  Services,  2020).  The  high  infection  rate
(“Bangladesh sees no drop”, 2020), symptoms, risk communication, and treatment of COVID-19 require
widespread information because knowledge of prevention of the disease is scant. Studies have found that
GST are very much related to conventional epidemiological surveillance (Cervellin, 2017). This easy and
cost-effective way of monitoring human behavior regarding COVID-19 can be used for public health
policies. In this study, we analyze whether the GST for facemasks and handwash can affect new COVID-
19 cases in Bangladesh. We analyze the timing of searches for these terms that may affect COVID-19 risk
communication. The findings of this study can be used for public health surveillance for COVID-19-
related risk communication and deaths.

Methods
In this study, a vector autoregression (VAR) model was used to explore the relative search volume of
Google trends (Google, 2020) on facemasks, handwash, and lockdown on new COVID-19 cases. We
filtered the search to within Bangladesh from March 02,  2020,  to  December 7,  2020.  We examined
whether these search variables could predict  COVID-19 infection.  Our  VAR(p)  model  included four
weekly variables in the following order: new COVID-19 cases (COVID), facemasks (FACE), handwash
(HAND), and lockdown (LOCK). To determine the keywords, we applied the glossary of daily reports
from the Directorate General of Health Services Bulletin and daily newspapers. We then performed the
principal  component  analysis  (Wold  et  al.,  1987)  for  similar  terms  and selected  the  aforementioned
variables.1 We also included a dummy variable for lockdown to see the direct intervention in COVID-19
infection. It also acted as a control variable. This defined a time-dummy where we imposed the value 1 if
government-imposed  lockdown  existed,  otherwise  zero.  Notably,  after  May  30,  2020,
the government withdrew the  lockdown  to  ease  economic  activities.  After  estimation  of  VAR,  we
performed the Granger causality test and impulse-response function. The Granger causality test shows
whether all the lagged items of a variable influence the present value of the other variable(s). An impulse-
response function describes the reaction of the variable of interest along a specified time horizon after a
shock in a given moment.

Results and Discussion
We first  estimated the level  VAR using p = 2 based on the lag-length criterion.  Table 1 shows that
COVID depended on its lag period. This means that if we do not impose any restriction on the other
measures, prior numbers of cases may produce more new cases in the upcoming period. Kucharski et al.
(2020) estimated that the reproduction number will  rise if the protective measures are not employed.
Ceylan (2020), Roy et al. (2020), Alzahrani et al. (2020), and many other studies have found that new
cases in the previous period can predict future cases. We also found that FACE and HAND can decrease
the number of new COVID-19 cases. It is assumed that a high search volume is related to the inspiration

1 Principal component analysis results are available on request. 



to use and purchase facemasks and handwash materials. These purchases and use have a significant effect
on risk communication. This finding resembles that of Lin et al. (2020). We found that for both FACE
and HAND, wearing facemasks and washing hands in the previous week may reduce the number of new
cases. We also found that LOCK, the government-imposed lockdown, had an inconclusive effect on new
cases because its lag effects are different. Diagnostic checks and autoregressive roots suggest that the
level VAR estimation result is stable.

The Granger causality test results show that the previous values of one variable help to predict the other
variable of its current state and beyond.2 Table S3 shows that FACE, HAND, and LOCK Granger-cause
COVID, and the results are significant. Our results suggest that past values of these variables  can predict
COVID significantly. We did not find bidirectional causality between COVID and FACE, or COVID and
HAND.

In the case of the impulse-response function, we examined whether the shocks in GST (innovations in
search  trends  in  the  case  of  COVID-19  risk  communication)  can  affect  new COVID-19  cases.  We
intended to check how this shock persisted over the periods. Ahamad et al. (2020) showed that the trends
of GST have been declining. We identified the responses of COVID to shocks of GST variables. Panels
A–C of Figure 1 show the responses of COVID to the shocks to FACE, HAND, and LOCK, respectively.
We found that shock in the search of FACE can generate an innovation to COVID, which means that a
shock in the search of FACE decreases the new COVID-19 cases. Panel A shows that new cases may
decrease if people wear facemasks for the last two weeks, which is reflected in GST. This suggests that
GST for facemasks has a significant effect on the risk communication of COVID-19, and the search
timing is noteworthy. Panel B shows the same results for HAND. It shows the ineffectiveness of HAND
on the reduction of new cases because of low levels of  accessibility,  insufficient  knowledge on use,
inappropriate distribution, and marketing of hand sanitizers and handwash materials at the beginning of
the risk. Panel C shows that LOCK also increases the risk of COVID-19 initially. We found that the
imposition of  lockdown did not  substantially  reduce the risk,  which was a common feature  in  most
developing countries.

Conclusion
In this study, we explored whether GST related to COVID-19 affects new COVID-19 cases. Our results
showed that searches for facemasks and handwash are negatively associated with and can potentially
decrease the numbers of new COVID-19 cases. The results of the impulse-response functions showed that
among  the  protective  measures,  lag  effects  of  facemasks  can  substantially  decrease  the  future  risk
communication of new COVID-19 cases. We also found that lockdown had an inconclusive effect on new
cases. This urges public health policymakers to use GST to understand COVID-19 infections and deaths.
The decreasing trend of searches for facemasks and other measures indicate that people are neglecting to
wear masks. This may increase new cases in the winter. Because wearing facemasks can substantially
reduce  the  risk  of  new  COVID-19  cases,  the government  can  use  GST  to  disseminate  COVID-19
preventive information and thus minimize new cases and deaths.
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Figure and Tables

Panel A Panel B Panel C

Figure 1: Impulse-response function (Impulse: FACE, HAND, COVID; Response: COVID) 

Table 1: Result of the estimation of VAR

Variable Lag
0 1 2

Constant
1.631***

(2.80)

COVID
0.944***

(6.57)
−0.091
(−0.83)

FACE
−0.006**
(−2.29)

0.002
(1.05)

HAND
−0.007***

(−2.72)
0.002
(0.70)

LOCK 1.036*** −0.606***



(5.21) (−2.82)
Diagnostic Checks
R-sq 0.98 Adj. R-sq 0.97
SBIC 17.569 Chi-sq 1662.041***
LM Test for 
Autocorrelation
[Chi-sq(2)]

25.775
[0.06]

Normality of Residuals
[Chi-sq(2)]

6.427
[0.04]

Dependent variable is COVID and the regressors are the lags of COVID, FACE, HAND and LOCK 
Figures in parenthesis are z-statistics. 
Figures in square brackets are p-values. 
*, ** and *** represent 10%, 5% and 1% level of significance. 

Table S3: Granger-causality test

Lag-
length

Dependent 
Variable(Y)

Independen
t
Variable(X)

Chi-sq
Statistic
s

Decision

2 COVID FACE 6.331**
(0.04)

2 COVID HAND 8.662**
(0.01)

2 COVID LOCK 34.72**
*
(0.00)

Chi-sq measures the Wald test statistics. 
Figures in parenthesis represent p-values. 
Lag-length selection is based on SBIC. 
Null hypothesis of the test is that X does not Granger-cause Y.  
** and *** represent 5% and 1% level of significance respectively.  


